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Abstract 
Analysis of Social Networks may be further supported through the collection of ordinal data.  Such data may help to 
determine potentially optimal teams extending across groups or departments through the use of Kruskal’s Algorithm 
for the identification of Maximal Spanning Trees.  Ordinal assessments of workers by those who have collaborated 
with them in the past may be aggregated into simple, stratified network visualizations to identify high performing 
members as well as those who may need re-training or reassignment.  Contingency table analysis and the Gamma 
Test of Monotone Trend may provide further evidence supporting the identification of such individuals.  
Additionally, the Gamma Test offers a more powerful and informative alternative to the Chi-Squared Test of 
Independence.  These methods stand out as an area for further research in practical settings and may be streamlined 
into existing research practices with great ease.  
Keywords: Social Network Analysis; Organization; Parallel Teams; Ordinal Data; Spanning Trees 
1. Brief Review of Need and Purpose 
Optimal performance of teams is a topic of great interest to researchers and practitioners (Wageman, 
Hackman, & Lehman, 2005). Moreover, a recent meta-analysis on team design reveals that teams’ 
structure and design matter in overall team performance (Stewart, 2006). However, while formation of 
 
a  Nicole Fernandez. Tel.: (202)687-6618; fax: (202)687-1720. 
 E-mail address: ncf7@georgetown.edu 
© 2011 Published by Elsevier Ltd. Open access under CC BY-NC-ND license.
Selection and peer-review under responsibility of COINs 2010 Organizing Committee 
Open access under CC BY-NC-ND license.
148  Nicole Bhalla Fernandez et al. / Procedia - Social and Behavioral Sciences 26 (2011) 147 – 158
optimally performing teams is clearly an imperative, discussion of how to form and select for teams has 
been loosely organized at best. Some researchers state that selection on personality might provide an 
adequate basis for team formation (Morgeson, Reider, & Campion, 2005; Tett & Murphy, 2002), while 
others forward that selection on team-specific knowledge, skills, and abilities should be particularly 
desirable (Morgeson et al., 2005; Stevens & Campion, 1994; 1999). However, all of these potential 
techniques do not truly capture team composition, as they either concentrate on individual characteristics 
(Morgeson et al., 2005; Stevens & Campion, 1994; 1999) or dyadic relationships (Tett & Murphy, 2002), 
not potential whole-team dynamics. 
Concurrent to the interest in the formation of function teams, researchers have increasingly begun to 
take notice of the importance of ties between teams. This research sometimes targets how interteam ties 
may improve the functioning of a particular team (Baldwin, Bedell, & Johnson, 1997; Brass, 
Galaskiewicz, Greve, & Tsai, 2004; Cross & Cummings, 2004; Hansen, Mors, & Lovas, 2005; Oh, 
LaBianca, & Chung, 2006; Shah, Dirks, & Chervany, 2006; Soda, Usai, & Zaheer, 2004; Uzzi, 1997), 
sometimes discusses what determines interteam tie formation (Joshi, 2006; Yuan & Gay, 2006), and 
sometimes targets how such ties might be imperative in the formation of secondary teams (Reagans, 
Zuckerman, & McEvily, 2004). Indeed, it has been forwarded that so-called “parallel” teams might be 
particularly useful in integrating information across existing organizational teams (Richardson & Denton 
2005). However, despite the recent push toward discussion of forming teams using network information, 
there are limited methodologies and techniques available by which to analyze these lateral structures 
(Joyce, McGee, & Slocum, 1997). 
Integrating these two streams of research, this paper proposes a method through which potentially 
optimal teams might be created that span and connect members of pre-existing teams or subgroups and, 
additionally, identifies a method by which members might be evaluated and key patterns detected.   
Specifically, it is proposed that maximal spanning trees might be used in the identification of 
interconnected individuals across groups, and that these individuals might be, by virtue of their 
relationships, formed into a team that cuts across units.  Further, the current paper proposes that the 
Gamma Test of Montone Trend might be used to identify low- and high- performing individuals within 
groups, and those who might warrant particular attention or intervention as necessary. Identifying low-
performing individuals might be particularly critical, as numerous studies have uncovered the dramatic 
impact of negative relationships in the workplace (Baldwin et al., 1997; Sparrow, Liden, Wayne, & 
Kramer, 2001; Venkataramani & Dalal, 2007), and some even suggest that such relationships might have 
more powerful effects than positive relationships (LaBianca & Brass, 2006). 
2. Review of Current Social Network Analysis Practices 
Within organizational research in particular, network analysis has been extended to address issues such 
as social capital, embeddedness, network organizations, organizational networks, joint ventures, 
knowledge management, social cognition, and group processes (Borgatti & Foster, 2003). Despite the 
broad spread of topics that organizational researchers investigate, the types of network analysis 
methodologies remain limited.  Specifically, in an overview of the methodology used in social network 
literature, Butts (2008) reveals that the dominant measures in social network analysis remain degree, 
betweenness, and closeness centrality, and graph-level measures such as density. Indeed, researchers in 
organizational science tend to focus on centrality (Balkundi, Barsness, & Michael, 2009; Balkundi & 
Harrison, 2006; Klein, Lim, Saltz, & Mayer, 2004) and density (Balkundi & Harrison, 2006; Tenkasi & 
Chesmore, 2003) measures almost exclusively in analyzing social network data. Researchers have 
recently begun to respond to the dearth of available measures by creating new models, such as models for 
core/periphery structures (Borgatti & Everett, 1999), integration and radiality (Valente & Foreman, 
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1998), and domination (van den Brink & Gilles, 2000). Social network methodologies have also been 
evolving—for example, researchers are increasingly recommending the use of ordinal-level data 
collection, instead of binary-level (Ferligoj & Hlebec, 1999). 
3. Suggested Survey Methodology 
Assessment tools that collect ordinal data offer the possibility of identifying existing patterns in social 
networks and related optimization strategies that may have gone undetected otherwise.  Survey questions 
that allow team members to asses the performance of other members on a traditional Likert scale or assess 
the productivity of time spent with working  that individual on a three point low, medium, high scale 
allow greater differentiation of response than simple binary questions.  Use of these types of questions 
can be supported with analysis via stratified network visualizations, Kruskal’s Algorithm and the Gamma 
Test of Monotone Trend. 
Among companies conducting internal assessment of workers or as a strategy for use by consulting 
firms who assess company dynamics it is suggested that a two part survey be administered to workers.  
These questions can easily be incorporated into existing assessment tools.  Early in the assessment 
process each worker should be asked to identify those they have worked with one-on-one in the past, both 
within and outside of their direct departments and teams.  A single name generator accompanied by a 
roster is suggested.  This question comprises the pre-survey component of this process.  At a later date 
specific ordinal data should be gathered.  Respondents should be asked to assess how productive they 
found the time working with each specific individual they identified on the pre-survey.  Productivity 
should refer specifically to the achievement of project goals and deadlines.  The respondent should also 
identify on an ordinal scale the frequency of paired collaboration with each coworker. This question could 
ask, for example, how many short projects the respondent has completed in collaboration with each cited 
coworker.   
Following the pre-survey it is strongly suggested that personalized surveys be administered to each 
respondent.  These surveys should specifically cite each co-worker the respondent previously identified as 
a separate question to facilitate thorough responses.   
An alternative method, beneficial in that it uses one survey only, would provide each worker with a 
roster of other employees and ask them to fill out the following paragraph for each individual they have 
collaborated with: 
 
“I have worked with __________________ over the past year and found our time in 
collaboration to be: (A. Not Very Productive  B. Productive C.  Highly Productive ) 
in terms of reaching project goals and deadlines.   
My collaboration with this individual over the past year occurred:  
(A. Monthly B.  Weekly C.  Daily)” 
 
Some researchers may prefer to use a slightly modified three point ordinal scale on the productivity of 
collaboration [For example:  A. About as Productive as a Typical Work Collaboration   B.  More 
Productive than Typical Work Collaborations   C.  Very Productive], which by being more general may 
encourage a higher response rate.   Additional relevant questions may be included as desired.  A distinct 
question that focuses on productivity in terms of developing new ideas beyond current project goals may 
also provide valuable insights, as brainstorming partnerships often involve a level of trust that other 
collaborative work may not (Cross & Parker, 2004).  Perceived effort level of coworkers (Cross & Parker, 
2004) is another source of relevant ordinal data. 
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4. Related Visualizations Using Ordinal Data  
The collection of data regarding the frequency of time spent working with an individual and the 
perceived productivity of that time lends to the development of simple, informative visualizations of this 
ordinal network data.   
A basic sociogram including those who cited collaboration with a specific worker  Wi should be 
followed by stratification of this network based on low, medium or high frequency of time working 
together.  Among each subgroup, color coded ties indicating the productivity rating reported by each 
respondent may offer key insight.   
Stratified visualizations may help identify key workers who boost the productivity of others as well as 
problematic situations that may exist.  Individuals who are ‘productivity boosters’ may be apparent when 
those who work at a low time frequency with Wi tend to report high productivity gains from that 
collaboration.  This observation may find additional support, if a majority of the productivity assessments 
across all other frequency levels are also high.  Problematic situations may be indicated when those who 
work at high frequency with Wi tend to report low productivity of that time.  Additional attention to why 
this situation is reported should follow. 
 
  
 
Figure 1:  The general sociogram of respondents who identify working with a specific individual may be stratified based on 
frequency of time working together.  Low frequency is at top right, medium and high frequencies are shown on bottom left 
to right.  Ties are color coded with the ordinal productivity assessment of each respondent regarding paired work with Wi.  
Here red, blue and green indicate low, medium and high productivity ratings respectively.  Those working at high  
frequency with Wi report two low and one medium productivity rating, which may suggest closer attention to the placement 
and workload of Wi . 
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In cases where independent observations are present, such as time / productivity ratings, this ordinal 
data may be supported by additional statistical tests. In particular, use of the Sign Test may further 
identify productivity boosters.  For example, if a three level ordinal productivity scale is employed [low, 
medium, high] testing the null  hypothesis of a median value equal to three would identify those who 
earned high ratings from at least half of those rating them across all levels of time frequency.  Similarly 
testing a null hypothesis of median value equal to 1 would point to workers who may impede or 
minimally contribute to the productivity of their co-workers, as the lowest ordinal productivity value 
would be assigned the number one.  Failure to reject this null hypothesis implies at lest half of those who 
collaborated with individual Wi rated that time at the lowest productivity level on the scale. 
Such visualizations act as a simple way to compress a large body of survey data into a format that is 
easy to interpret.  These visualizations lend themselves to a number of situations, including stratification 
by project type across a worker’s history and ties representing worker assessment by management on that 
project.  Independent observations are not required in with such visualizations, as they are for descriptive 
purposes and not used for inference. These data may also help management identify project types where 
performance was uniformly assessed at either a high or low level. 
5. Identification of Maximal Spanning Trees using Kruskal’s Algorithm 
A simple use of ordinal survey data that requires no additional computer support is the identification of 
potentially optimal groupings that extend across departmental lines via Kruskal’s Algorithm.  Use of edge 
weights to identify optimal trees, frequently of minimal total weight, has been used in a variety of 
contexts.  These minimum spanning trees have so far been applied to understand financial markets (Costa 
et al., 2008), citation networks (Chen, 1999), conversations and words in organizational discourse (Joyce, 
McGee, & Slocum, 1997), and global or large-scale dynamics (Duarte & da Silva, 2007; McDonald, 
Suleman, Williams, Howison, & Johnson, 2005; Schönfelder & Axehausen, 2003a; 2003b)—but not yet 
to assess dynamic of people themselves within teams or organizations. 
Spanning Trees typically involve the identification of structures that span all nodes in a network.  Use 
of this type of structure to include only a subset of nodes which span across departmental clusters, 
however, is particularly relevant in team development.  Tree structures which include a single member 
from N departments are characterized by acyclical edge patterns extending into each of the N 
departments.  These trees will include N workers and exactly N-1 edges.  While it may be impossible to 
identify one worker who has worked with individuals from N-1 other departments, the identification of a 
tree extending across N departments is more likely as it would include those who have worked across 
department lines, but not require any one individual to have bridged all other departments.   
Maximal Spanning Trees are identified based on weighted edges.  Maximal Spanning Trees guarantee 
that the sum of edge weights is equal to or greater than all other possible trees.  The same process is used 
in the identification of Minimal Spanning Trees but focuses on identification of edges with the least 
weight possible. Kruskal’s algorithm applied in this context begins with the identification of a single 
bridge or network bridge across departmental clusters that has the highest value possible.  Selection of a 
second bridge that creates an acyclic pattern in the subgraph that is under construction and has the highest 
possible value follows.  This pattern is continued until N-1 edges have been selected (Clark & Holton, 
1991).  This process requires no additional computer support beyond sociogram generation and may 
easily be determined by hand. 
To begin this task a labeled sociogram should be developed where ties indicate that both individuals 
identified having worked together in the past.  Edges should further represent the ordinal measure of the 
productivity of that time.  In cases where the assessment of workers Wi  regarding worker Wj  does not 
equal the assessment of worker Wj  regarding Wi as to the productivity of collaboration time inclusion of 
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the lower productivity value as the more conservative measure is suggested.   While direct edge labeling 
may serve to clutter the graph, use of color coding or modification of edge thickness to represent ordinal 
values acts as a feasible alternative.   
Should edge weights represent the productivity of time spent working together, a Maximal Spanning 
Tree across departmental clusters of workers would identify only those who have worked together in the 
past and found that time highly productive.   As identification of such spanning trees does not guarantee 
uniqueness, multiple trees with equal sum edge weights may exist.  This lends itself to the potential 
development of parallel teams with equal total edge weight.  These parallel teams may be particularly 
beneficial in product development tasks or similar activities. 
 
 
Figure 2:  A Maximal Spanning 
Tree across N = 3 departments.  
Node shape indicates department of 
respondent.  Ties indicate having 
worked together previously.  Ties 
of interest across departments are 
also color coded with ordinal level 
productivity responses (red, blue 
and green indicate low=1, 
medium=2 and high=3 productivity 
responses respectively).  
Development of a Maximal 
Spanning tree across departments 
suggests inclusion of the workers 
represented by nodes i, a and f as a 
potentially optimal team, indicated 
by the sum edge weight of 6.  
Grouping of a, i and e leads to sum 
edge weight 4 and grouping of k, f 
and a to a total weight of 5. 
 
Collection of survey data allowing respondents to assess their co-workers in an ordinal manner and use 
of these measurements as edge weights will support identification of potentially optimal pairings or 
groups even if a tree cannot be identified.  Kruskal’s algorithm provides a motivating example for the 
expanded use of ordinal data in group development and the concept of a Maximal Spanning Tree may 
also be used in a more informal manner.  Inclusion of two members from the same department, for 
example, each of whom have bridged into distinct departments with highly productive results in the past 
offers a less formal way to create spanning groups with more than N total members when a tree involving 
exactly N individuals is not possible. 
6. Alternate Applications of Maximal and Minimal Spanning Trees 
Spanning tree methods are also relevant for the development of parallel teams inside a group for the 
inclusion of diverse educational backgrounds.  Nodes may be distinguished to represent educational 
background in a small number of types (e.g. a 3 category distinction of math based, communications 
based, and computer science based).  Edges may be used to indicate productivity of pairings from 
previous projects.  A three member group including one math based, one communications based and one 
computer scientist may be identifiable as a result.  This method may help to identify several sub-teams of 
a desired size to work independently on distinct project development, or multiple sub-teams to work on 
the same project’s initial development so that outcomes may be compared.    
As independent observations are not required, an alternate to using self-reported edge weights is to use 
values identified by management on how successful a pair has been in the past when co-workers on a 
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project.  Edge weights reflecting frequency of email activity between coworkers (Diesner, Frantz, & 
Carley, 2005) establishes previous collaboration and may form relevant trees.  Alternate types of edge 
weighting, such as average billable hours when a pair works in collaboration, may facilitate the 
identification of potentially relevant minimal spanning trees. 
7. Applications of Contingency Tables and Gamma Regarding Team Dynamics 
The strategy of collecting independent observations allows formal statistical testing in a Social 
Network Analysis based setting.  Relevant Gamma tests may be conducted under the assumption that 
workers have been appropriately surveyed.  Each person who identifies Wi as a co-worker then 
contributes an independent observation on the frequency of collaboration row variable and column 
productivity variable.  These independent observations facilitate use of statistical tests such as the Gamma 
Test of Monotone Trend for creating a co-worker based assessment of individual Wi.   
Using a row variable x as the frequency of collaboration and a column variable y as the productivity of 
that time, the optimal co-worker assessment of Wi would result in a contingency table with all non-zero 
values located entirely in the far right column.  That is, an outstanding worker would be assessed by 
coworkers as a highly productive collaboration partner regardless of how many projects were collaborated 
on.  This pattern is illustrated in the upper portion of Figure 3.  A contingency table with the majority of 
entries in the left column would stand out for review, as this would indicate a majority of negative 
assessments of productivity with Wi.  This pattern is illustrated in the lower portion of Figure 3.  These 
examples reinforce the need for direct researcher examination of the contingency table as these extreme 
cases shown in Figure 3 are cases where no association would be found, either with Gamma or Chi-
Squared test statistics. 
 
  How Productive is Your Collaboration? 
Total 
  
Low Medium High 
How Frequently 
Do You 
Collaborate? 
Monthly 0 0 9 9 
Weekly 0 0 10 10 
Daily 0 0 8 8 
Total 0 0 27 27 
 
 
  How Productive is Your Collaboration? 
Total   Low Medium High 
How Frequently 
Do You 
Collaborate? 
Monthly 2 0 0 2 
Weekly 4 0 0 4 
Daily 7 0 0 7 
Total 13 0 0 13 
 
Figure 3:  The extreme case of positive worker assessment is shown in the top table:  All collaborators assess the productivity as high, 
regardless of how frequently they collaborate with the worker in question.  The extreme case of negative response is shown in the 
lower table, as all respondents classify their collaborations as low productivity level, regardless of whether that collaboration occurs 
daily, weekly or monthly. 
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Other patterns may produce statistical associations worthy of closer examination as well.  When 
testing the frequency variable against the productivity variable a negative Gamma stands out as indicative 
of potential problems in the team.  More specifically, a negative Gamma points towards many co-workers 
indicating that extensive time spent working one-on-one with worker Wi was also characterized by low 
perceived productivity of that time.  This association is not the endpoint of the study, but an indicator of 
an area for further research.  A negative Gamma may indicate that worker Wi is misplaced in project 
assignments, dealing with an overload of projects, in need of additional training or support, or simply 
points to an area for further evaluation.  An example of this type is presented in Figure 4. 
 
  How Productive is Your Collaboration? 
Total   Low Medium High 
How Frequently 
Do You 
Collaborate? 
Monthly 2 5 8 15 
Weekly 4 6 5 15 
Daily 7 9 3 19 
Total 13 20 16 49 
 
Figure 4:  This worker is assessed by 49 co-workers.  A Gamma Measure of -.434 is determined.  This indicates that the more 
frequently individuals collaborate with this worker the less productive they tended to assess the collaboration. For example, only two 
individuals who work with this person monthly cite low productivity, while seven individuals who work with this person daily cite 
low productivity.  That allows an intuitive sense that as time collaborating increases, assessment of productivity decreases.  The 
Gamma measure of -.434 confirms this as a moderate decreasing trend.  Gamma has a p-value of .011, which is significant at the 5% 
level, while the Chi Squared test statistic has a non-significant p-value of .217, illustrating the power advantage of the Gamma test. 
Of note, a positive gamma should not necessarily be interpreted as a desired indicator of Wi’s 
contribution to the team.  Spending more time with a person on a project should not necessarily make that 
time more productive, as the task itself may have required much less time than it ultimately consumed. 
As this data represents independent observations from team members’ experience working with Wi, 
relevant hypothesis tests may be run and p-values determined.  Measures of significance, particularly 
when carrying out consulting type projects on the assessment of worker dynamics, are not required.  
Significance tests and relevant p-values represent a level of detail often not required by clients.  Negative 
Gamma values alone may act as a relevant identifier and description of places where team modification 
may be needed.   
8. The Gamma Test of Monotone Trend 
Methods to identify associations between variables often require additional residual analysis in order 
to determine where lack of fit occurs.  Even when associations are detected additional steps remain in 
order to characterize that association.  This is particularly true when using the Chi-Squared test of 
Independence.   
The Gamma Test of Monotone Trend stands out as a relevant and underutilized tool when dealing with 
the analysis of team dynamics.  This test has the benefit of not simply identifying an association but also 
immediately characterizing that association as following an increasing or decreasing pattern.  Gamma 
values range exclusively between -1 and 1 and its correlation type scaling offers a familiar vantage point 
which should facilitate interpretation and use.   
Most importantly, Gamma is more powerful than the Chi-Squared test of Independence.  Applicable 
for any ordinal by ordinal contingency table with dimensions greater than 2 x 2, the Gamma test statistic 
is measured against a Chi-Squared critical value with one degree of freedom regardless of table size.  This 
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power advantage is immediately evident when compared to the Chi Squared Test of Independence which, 
for any table of equivalent size, measures the test statistic against a critical value with (r-1)(c-1) degrees 
of freedom.  This power advantage facilitates the identification and characterization of associations. 
The Gamma Test Statistic (C – D)/(C+D) defines C as total concordant pairs and D as total discordant 
pairs.  From any cell in the contingency table concordant pairs are those pairs occupying cells that 
illustrate an increase in the row variable x as well as an increase in the column variable y.  With respect to 
cell 1,1 in a 3 × 3 contingency table, the data in cells 2,2    2,3    3,2   and 3,3  are classified as concordant, 
as they demonstrate this increase in both the row variable and the column variable.  Discordant pairs in 
relation to any particular cell demonstrate an increase in the row variable x that is met with a decrease in 
the column variable y.  With respect to cell 2,2 in a 3 × 3 contingency table, only the data in cell 3,1 is 
viewed as discordant, as it reflects an increase in the row variable along with a decrease in the column 
variable.  In the absence of concordant cells the test statistic registers as –D/D = -1, and the absence of 
discordant pairs similarly leads to a test statistic 1.  In most situations the value ranges between these 
extremes.  Gamma is discussed extensively in a number of texts (Agresti, 1990). 
Computation of the Gamma measure for the data shown in Figure 4 may be done with software such as 
SPSS or by hand.  The concordant pairs are given by: C= 2(6 + 5 + 9 + 3) + 5(5 + 3) + 4(9 + 3) + 6(3) = 
152. The discordant pairs are D = 5(4 + 7) + 8(6 + 9 + 4 + 7) + 6(7) + 5( 9 + 7) = 385.  This results in the 
Gamma Measure (C – D) / (C + D) = (152 – 385) / (152 + 385) = -.434, which is particularly relevant in 
this context as it is negative. The moderate decreasing trend for the data in Figure 4 indicates that as the 
frequency of collaboration with this worker increases the favorability of the productivity assessment tends 
to decrease, discussed further below.   
As Gamma is measured against the Chi-Squared distribution to determine p-values problems with low 
cell counts may arise similar to those linked to the Chi-Squared Test of Independence.  This issue should 
help to inform question design so that multiple options in the ordinal scale of responses do not create 
tables overly prone to the problem of sparse data.  In many cases, the use of a three level ordinal response 
may be preferable to a more finely graded scale.  Broader ordinal data, such as a five point Likert scale, 
may be collected on the survey assessment tools and then collapsed into a three level scale should low 
cell counts become apparent.   
In consulting work a jittered scatterplot of the ordinal by ordinal data may help intuitively explain the 
correlation concepts as applied to this type of data.  
9. Additional Applications of Gamma  
A number of potential uses exist beyond the frequency of collaboration and productivity assessment 
variables.  Comparing Gamma test results with related network visualizations may also point to insightful 
distinctions between specific teams that work for the same company.  Ordinal variables of interest may 
include: Overall job satisfaction, satisfaction with existing communication patterns within assigned team, 
perceived underutilization of skills, and perceived self-efficacy within assigned team.  An example 
regarding assessment of management is included in Figure 5.   
Similarly, assessment of a company’s own consulting staff may be conducted with this type of data.  
Sending follow up surveys to clients who have worked with that individual or team to assess the 
productivity of that time may provide insight.  This variable can be tested against in-house data such as 
total billable hours on the project or number of similar projects previously completed.  When outside 
clients exceed in-house workers it may be easier to avoid low cell count issues with this type of Gamma 
testing as opposed to tests for worker by worker assessments.  Allowing clients to provide feedback on 
their experience with teams may help identify the optimal assignments for those teams in the future. 
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Ordinal survey data may also prove useful as a way of distinguishing patterns within groups that 
produce similar sociograms.  For example, Gamma testing of the row variable ‘team member satisfaction 
with existing communication patterns’ and the column variable ‘job satisfaction,’ explored alongside 
network visualizations and measures, may help distinguish groups that produce similar sociograms by 
including broader measures of team attitude.  The sociogram does not speak to the attitude of team 
members, but the ordinal survey questions and Gamma measure provide relevant information in that 
regard that may inform the activities used to build or modify the social network of focus. 
 
  Management is responsive to new proposal and bid opportunities 
Total 
  
1 2 3 
Respondent salary 
level 
1 26 13 6 45 
2 5 10 10 25 
3 2 7 8 17 
Total 33 30 24 87 
 
Figure 5:  The Gamma Test is relevant for any ordinal by ordinal variables.  A hypothetical example of ordinal assessment of 
management’s responsiveness to areas for company expansion (1 = low, 2 = average, 3 = high) cross classified with respondent’s 
salary level (1 = below $50,000,  2 = between $50,000 and $90,000, 3 = greater than $90,000) is shown.  The Gamma test identifies 
an association characterized by a moderate increasing trend of .58 (p<.000).  This suggests that as salary level increases, perceived 
favorability of management increases: employees with a lower salary tend to have lower attitudes while those with higher salaries 
tend to have higher attitudes. Based on the increasing trend the Gamma measure suggests that interviews of lower level employees 
may help identify areas for expansion not currently targeted by management. 
10. Discussion 
The collection of ordinal data in the analysis of current team dynamics or for use in the development of 
new teams offers relevant insights and is supported by the tools of Graph Theory and Statistics.  
Stratification of respondents’ assessments of coworkers may identify those who impact the team in 
particularly beneficial or particularly problematic ways.  Ordinal data regarding past collaboration 
experiences may help to identify potentially optimal teams for new projects through the use of Kruskal’s 
Algorithm for Maximal and Minimal Spanning Trees.  These methods may prevent the reliance on less 
compatible partnerships and forward teams designs based on relevant past history.  Key associations 
suggested by ordinal data may be more formally identified using the Gamma Test of Monotone Trend, a 
more powerful tool than the Chi-Squared test of Independence and a test that offers both the identification 
and characterization of associations.   
These methods stand out as areas for additional research in practical settings and may easily draw data 
from the modification of existing survey and assessment methods.  In particular, the issue of whether a 
negative Gamma arising from coworker data on frequency of collaboration and assessment of 
productivity is a valid tool in identifying problematic team members is a key area for future research.  Use 
of maximal spanning trees to identify parallel teams has potential benefits in a variety of settings and also 
stands out as a feasible area for practical study.   
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